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How can we reconstruct the CMB lensing

potential at the noise levels of future experiments?
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Current methods will be suboptimal at noise levels of

next-generation experiments. Maximum likelihood methods will be

required. Can neural networks help? Yes.

The network
architecture: V.
first encode a useful
representation of the Al
inputs, then process
it to outputs.

/
{ >
64 64 64

We use a Residual U-Net
(ResUNet). Each orange box
iIncludes a dropout layer, a 5x5
convolution, application of a
SELU activation function, and
batch normalization. The
network is trained on 5° x 5°
patches of sky generated based
on ACDM cosmology.
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Results: Recovery of E and convergence for 0, 1, 5 gK-arcmin noise
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For noiseless
maps, k recovery is
better than E
recovery. However,
adding noise
affects k recovery
much more, and by
5 uK-arcmin only
the large-scale
structure remains.

But how can we
more closely
examine the
physics learned?

Saliency maps

What is saliency?

Writing the network map as f(Q, U), saliency evaluates |f'(Q, U)| at
points corresponding to a specific input image. This allows us to
infer which pixels matter most for a prediction. All results below
are averaged over 100 images in the validation set.

Results for all pixels

Maps should be uniform. However, for ResUNet (left), they are
not! The effect comes from strides downsampling, and
disappears when a flat network is used instead (right).

[™T]

a - | ! ‘
= | ? JI_‘J N s u . | I‘
O ] : n x | ‘.. L 5 ‘ = ' : b " L )
i n I i
— == | 5 L |-
2 . " B = . "
ju . - ‘ |
| o ) - ] | ‘ L .| n Tl
& | i | L}

g0l

Saliency from @ to |

OO

= u u ol !
b B | B E mim N om ™ ; o | 1
E = il || = |y -
_NE . | | . .‘ Q,‘_r e a u i
- ) o . 2 .
| = g . - H s - . | ] &
g i o L | = [ ] ... 1 R . |
u o 7 i i} 1
= A gl o e | bl mis mm s : B
T R Ly s g : : i
O s oy - = . N ] 2 N i
L i = :
g I | g i ' B | = [ A i
| ‘ “m ‘ | I u i L ! | |
| i om bl | ] -
e ol g ’ 4 \ - ]
| . N | - [}
- | - | u a : L. L] ]
" (| |
= - U] n = L mm y "
| n . =
| 0 d ] | - ™

OO

Results for single pixels
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We can see that the network learns Q to k is local, while Q to E is
non-local (local in Fourier space).
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